Linking Dutch survey data with administrative data, we find that survival expectations predict observed mortality within the sample, even after controlling for income and health status. The relationship is, however, weak; five years of additional subjective life expectancy corresponds to nine months longer life duration. The associations of age, gender, income and current health status with subjective survival chances are less strong than with objective survival and individuals underestimate risks from smoking, obesity and alcohol consumption. With the exception of male smokers, individuals underestimate, on average, their remaining life duration, and the more so do women.
Introduction
Individuals' life expectancy plays an important role in life cycle models of economic behavior.
Previous literature points out that subjective survival probabilities (SSP from now on) elicited from survey respondents convey useful information on their mortality risk. One strand of the literature has investigated the link between SSP and actuarial survival probabilities (Hamermesh 1985; Hurd and McGarry 1995; O'Donnell et al. 2008; Perozek 2008; Teppa 2011; Peracchi and Perotti 2011) . The findings of these papers suggest that males overestimate and females underestimate their survival probabilities compared to life table survival probabilities, yet males tend to asses their life expectancy better than females, on average. Using Dutch data, however, Teppa (2011) finds that, on average, both Dutch males and females have lower SSP relative to actuarial survival probabilities. Another strand of the literature has focused on the relationship between SSP and actual (objective) mortality risk and has examined if SSP are able to predict the actual mortality risk within the sample (Van Doorn and Kasl 1998; Hurd and McGarry 2002; Siegel et al. 2003; Peracchi and Perotti 2011; Delavande and Rohwedder 2011) . These studies usually estimate a mortality model where actual mortality is explained by the subjective probability of survival up to age 75 and other determinants of mortality such as income, wealth, schooling, smoking, and health indicators. The main finding of these papers is that individuals who expected to live longer were less likely to die, on average. 1 Van Doorn and Kasl (1998) , McGarry (2002), and Siegel et al. (2003) quantify the relationship between actual mortality and the self-rated life expectancy by computing the odds ratio, the marginal effect and the relative risk, respectively, after they estimate their mortality models. Van Doorn and Kasl (1998) find that one unit increase in the subjective survival probability of living 10 more years (scaled 1-4, where 1 means very likely, 4 means very unlikely) is associated with 52 % (12 %) increase in the odds of being dead for males (for females). According to results by Hurd and McGarry (2002) , an increase in the subjective survival probability from 0 to 1 reduces the mortality rate by 53 %. Siegel et al. (2003) show that, for males, a 40 percentage point differential in subjective survival probability is associated with 50 % lower risk in mortality whereas for females a 50 percentage point differential was needed to have 50 % lower risk in mortality.
The accuracy of subjective survival probabilities has a number of practical implications for economic research. Firstly, if subjective probabilities of survival are accurate predictors of individuals' actual survival, they can be used as measures of individual mortality risk while calibrating economic models such as life-cycle models of saving, consumption and retirement.
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The previous literature suggests that life cycle models, in which individuals' mortality risk is replaced by life table survival probabilities, are not able to explain some well-known anomalies in the data (Hurd and McGarry 2002) . For instance, if individuals systematically underestimate their remaining life duration prior to retirement, this pattern will lead to a savings level which is lower than what is implied by a life-cycle model of consumption that uses actuarial survival probabilities. This anomaly of insufficient savings before retirement to finance consumption during retirement could possibly be explained by models that make use of SSP. Likewise, if individuals on average overestimate their remaining life duration during retirement, this may explain an increase in savings at older ages. In fact, some studies show that SSP are able to explain intertemporal decision making better than life table survival probabilities (Gan et al. 2004; Salm 2010) . This may be due to the fact that individuals have private information regarding their own mortality risk and they make decisions based on this information instead of life table information which is the same for some groups such as black/white males and females.
Secondly, if SSP can predict actual mortality with reasonable accuracy, it can be used as a substitute for actual mortality data which is often very difficult to obtain as it requires following respondents for many years. This would allow for cross-country comparisons since SSP are available in most of the population-representative surveys such as the Health and Retirement Study (HRS), the English Longitudinal Study of Aging (ELSA), and the Survey of Health, Aging, and Retirement in Europe (SHARE).
The contribution of our paper to the literature is threefold. First, we investigate whether life expectancy of the Dutch measured by their SSP correlate with actual mortality risk and assess its predictive power. Second, we analyze the extent to which the well-known differences in mortality risk by socioeconomic and health indicators are also present in individuals' SSP.
Finally, and perhaps most importantly, we analyze the gap between individuals' subjective life expectancy and the life duration implied by observed mortality. For this purpose we estimate the parameters of the individual survivor functions using two probabilities of survival for each individual. From a methodological point of view our approach has the appealing feature of estimating the same parameters for the subjective and objective mortality risk models.
Previous studies which examine the relationship between subjective survival expectations and actual mortality have made use of only one measure of survival probability. In most cases this measure is the subjective probability of reaching to age 75. One notable exception is Perozek (2008), a study closely related to ours, which fits subjective survival functions using two SSP available in the HRS survey in order to generate subjective cohort tables for males and females.
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In contrast with Perozek (2008) we use the fitted parameters of the individual survival functions to generate the median remaining life duration for each individual. This latter variable allows us to estimate the parameters of the objective mortality model using subjective information on mortality. We then investigate whether the estimated parameters using subjective data are close to those obtained from the objective mortality model. As explained above, a similar approach was adopted by Delavande and Rohwedder (2011) . In contrast with this latter study, with survival to age 75 only, our sample drawn from the DNB household Survey (DHS) includes respondents aged greater than 75 years. In addition, Delavande and Rohwedder (2011) add age dummies to control for the baseline age of the respondents while we use two survival probabilities for each respondent which, together with the assumption of a Gompertz hazard function, allows us to estimate the age-gradient in the subjective mortality model.
The structure of this paper is organized as follows: Section 2 describes the data. Section 3 explains the estimation methodology. Estimation results are presented in Section 4. Finally, Section 5 gives concluding remarks.
Data
This where T ∈ {75, 80, 85, 90, 95, 100} is a target age that depends on the current age of the respondent. Respondents aged 16 through 65 were asked to report their probability of survival to age 75, those aged 16 through 70 were asked to give their survival expectations to age 80, and questions regarding survival probabilities to live 85, 90, 95, and 100 were answered by the respondents aged 65-75, 70-80, 75-85, and 80-90, respectively . The first two columns of Table 1 summarize the age interval of the respondents and the corresponding target ages.
The answer to survival probability questions ranges from 0 to 10 where 0 means 'no chance at all' and 10 means 'absolutely certain'. As suggested by Hurd and McGarry (1995) , after dividing the answers by 10, one can interpret them as probabilities conditional on being alive at a certain age. We use two survival probabilities for each individual to construct our main variable of interest, median remaining life duration, which will be explained in section 2.2.1.
Sample
Our sample represents the Dutch population aged 25 and over. 4 The dataset is cross-sectional and consists of one observation per individual in 1995 or 1996. If respondents are observed in both 1995 and 1996 waves of DHS, we use the earlier response and ignore the later one, since repeated interviews may influence respondents' behavior (Lazarsfeld 1940; Sturgis et al. 2009 ).
Respondents who were asked about their survival probability in 1995 may become more curious about their chance of survival and may try to obtain information about it before they answer the questions in 1996 wave. In this context, our analyses are not subject to possible learning effects.
As Manski (2004 Manski ( , p. 1342 ) points out, "showing that respondents are willing and able to respond to probabilistic questions is an obvious prerequisite for substantive interpretation of the data". Table 1 shows the response rates to SSP. On average, 86.35 percent of individuals in our sample reported their probability of survival which is lower than the response rates in the HRS (about 98 %) and the SHARE (about 90 %) surveys (Hurd and McGarry 1995; Peracchi and Perotti 2011) . A relatively easy way to assess the understanding of the respondents is to check if they are able to provide internally consistent answers to SSP. For example, if a respondent says that his survival probability to age 75 is less than/equal to his survival probability to age 80; his answer violates the monotonicity assumption. In fact, his survival probability to age 75 should be greater than his survival probability to age 80 because in order to reach age 80 the respondent first has to survive until age 75. Table 2 shows that about 67 percent of respondents reported answers which satisfy the monotonicity assumption. On the other hand, 32 percent of respondents reported equal survival probabilities for two target ages whereas 0.63 percent of respondents indicated that their survival chance at a sooner target age is less than their survival chance at a later target age. We exclude 0.63 of the respondents with inconsistent answers while constructing median remaining life duration for each individual. As suggested by Perozek (2008) , we include respondents with equal survival probabilities in our sample because they still give valuable information about the shape of individuals' subjective survivor functions. Moreover, the respondents who provide equal survival probabilities for two target ages may round their true survival probabilities to the nearest tenth because the answer to survival probability questions ranges from 0 to 10. For example, assume that a respondent's true survival probabilities to age 75 and 80 are 0.45 and 0.50 respectively. If the possible answers to survival probability questions in DNB survey ranged from 0 to 100, he would be able to reveal his true survival probabilities, whereas in the current case he reports 0.5 in both cases.
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The sample at baseline included 5747 observations in the beginning. We drop 2008 observations (35 % of the initial sample) either because one of the covariates is missing or the monotonicity assumption is violated. Our final sample consists of 3739 individuals, 11.6 % of whom died by December 2010. We further check if there is a selection bias due to missing data in our covariates. We find that those who were dropped from the baseline sample do not have significantly different mortality risk compared to the respondents in our final sample (a p value of 0.602) which indicates that sample selection is not endogenous with respect to mortality. The next section describes how median remaining life duration variable is constructed. The definition of the other variables is given in Table B2 in Appendix B.
Descriptive Statistics

Median remaining life duration
Using individuals' subjective survival probabilities we compute the subjective median remaining life duration conditional on baseline age for each individual (equation (A6), Appendix A). Figure 1 shows that the mean of the median remaining life duration is 53 years for the group of individuals aged 25-29, and it decreases to about 10 years for the individuals aged 80-84. 5 We also check the tendency of respondents to provide focal point answers (clustered around 0, 0.5 and 1) to survival probability questions. Table B1 in Appendix B shows that about 30 percent of respondents reported 50 percent chance of survival to the target ages of 75, 80, 85, and 90. The reason behind 50 percent answers could be that respondents are either uncertain about their survival chances (focal point answers) or they round their answers to 0.5. Kleinjans and van Soest (2010) show that taking into account of rounding or focal point answers does not change the coefficient estimates on the determinants of subjective probabilities of retirement, bequests and inheritances substantially. Therefore, we did not correct answers to SSP. Notes: Number of observations is 3739. *: Both education and health are controlled for to obtain the objective remaining life duration. Table 4 shows that most of the respondents tend to underestimate their remaining life duration except men with low education. Overall, the statistics in this section indicate that our measure 'the subjective median remaining life duration' is informative about the within sample mortality and it correlates with the individual characteristics such as health status, education, age and gender. 
Control variables
Estimation methodology
Following other mortality studies by demographers, we assume that that life duration can be modeled with a (truncated) Gompertz distribution (see, e.g., Gompertz 1825; Olshansky and Carnes 1997; Perozek 2008 ). An important advantage of this assumption is, as will be shown below, that it makes it possible to easily compare the estimated parameters in subjective and objective mortality models.
Objective Mortality Model
Let respondent i be aged 0 t when he reports his probability of survival to age t and T a random variable representing the respondent's age of death. Then the survival function, which gives the probability of the respondents' age of death being greater than t , can be written as follows: 
Each respondent is observed first at a given age i t , 0 . If the respondent dies at i t , the contribution of this observation to the likelihood function is the density at that duration which is as follows:
If the respondent is still alive at the end of the observation period ( i t is December 2010), the observation is right-censored and its contribution to the likelihood is:
Combining equations (3) and (4), one can write the log-likelihood function for the whole sample as follows:
where N is the number of individuals in our sample and i d is a dummy variable which takes 1 if the respondent has died at time i t , and 0 otherwise. Based on equation (5) we obtain the maximum likelihood estimates Ô β and Ô γ .
Subjective Mortality Model
As it is mentioned in Section 2.2.1, we calculate the subjective median remaining life duration for each individual using both subjective survival probabilities.
In this model, the subjective median remaining life duration conditional on baseline age is explained by the same set of covariates that we used in the objective mortality model outlined in section 3.1. In other words, we find a set of parameters analogous to the parameters of the objective mortality model using the subjective information on mortality. Using the same assumption as in the objective mortality model (e.g. Gompertz hazard function) we obtain the following relationship (see equation ( 
Empirical Results
The predictive power of SSP for actual mortality
We first estimate a mortality risk model as outlined in section 3.1 and include a set of covariates (socio-economic variables and health indicators) in addition to the subjective (median) remaining life duration. 8 The estimation results are given in Table 6 . The first model in the Table 6 explains mortality risk only as a function of cohort effects, age effects (gamma) and the median remaining life duration. The coefficient of subjective remaining life duration is negative and statistically significant at 1 % suggesting that those who expected to live longer at the baseline year experienced lower mortality risk compared to those who expected to live shorter. In the second model with additional controls for gender and education, the coefficient estimate of subjective remaining life duration is significant at 1 %. This model also suggests that women and individuals with high education have a lower mortality risk compared to men and individuals with medium education, respectively. The p-value of the Wald test for education indicates that the coefficients of high and low education are jointly significant at 5 %.
In the third model, we added the logarithm of household income as a control variable and the coefficient of the subjective remaining life duration is still significant at 1 %. However, the coefficient of education is no longer significant, possibly due to the correlation between income and education. However, the Wald test statistic suggests that the coefficients of income and education are jointly significant at 5 %. Finally, when health indicators are added to the set of covariates the coefficient of subjective remaining life duration is still statistically significant at 5%. Nevertheless, the association became smaller, suggesting that the predictive power of SSP in explaining mortality reduces after controlling for self-rated health. This may imply that SSP contain information on individuals' subjective health as well as expected life duration which is not contained in their self-rated health status. For example, respondents' probability of onset of a genetically linked disease may increase after the death of their parents, yet their current health status is not affected (Hurd and McGarry (2002) ). Among the health indicators smoking, being in good health and obesity are statistically significant determinants of mortality risk. Moreover, the coefficients of obese and overweight are jointly significant at 10 %. The coefficient of the year of birth is positive in all models but it is not significant in the fourth model where both socio-economic and health determinants of mortality are controlled for. Finally, age effects are positive and significant in all models due to the increase in mortality risk with age.
The coefficient estimates of the fourth model in the Table 6 are then used to predict median remaining life duration conditional on baseline age (see equation (A7) in Appendix A). These predictions are reported in Table 7 . Notes: Number of observations is 3739. All the other dummies are set equal to zero, therefore, the reference category is someone who is normal weighted, medium educated, non-smoker, not in good health, does not have any chronic illnesses, and does not drink alcohol.* p-values are the result of a two-tailed t-test.
The first panel in the Table 7 shows the response of predicted median remaining life duration based on observed mortality to the change in the subjective median remaining life duration for males and females. For example, for 45-year-old men (45-year-old women), born in 1950 a change in the subjective median remaining life duration by 5 years (from 410 to 470 months) results in a change in the predicted median remaining life duration by 9.44 (9.516) months.
These differences are found to be significantly positive at 1 %. Predictions are almost the same if we change the baseline age from 45 to 55, which is as expected because of using a proportional hazard specification. The second panel in the smaller than what our model predicts.
Objective and Subjective Mortality Risk Models
The section presents the estimation results for the subjective and objective mortality risk models outlined in section 3. We include in both models the same socio-economic variables and health indicators. If respondents are able to predict their remaining lifetime correctly within the sample, we expect that the signs and the magnitudes of the estimates obtained from the objective mortality model coincide with those obtained from the subjective mortality. The results are shown in Table 8 . The first two models in the Table 8 explain subjective and objective mortality risk as a function of cohort effects, age effects, and socio-economic variables. These results indicate that the coefficient estimates of female, household income and age have the same sign and they are statistically significant in both models. In the last two models, where health indicators are additionally controlled for, the coefficients of female, smoking, good health, alcohol, obese, chronic illnesses, and age have the same sign and are significant. Although the coefficient estimates in models (1) and (2) (in models (3) and (4)) have the same sign, their sizes differ across the models. The coefficient estimates in the subjective mortality models are always smaller than those in the objective mortality models. 9 Nonetheless, these results suggest that respondents take into account gender, age, and cohort differences, their smoking and drinking habits, their self-rated health status, current chronic illnesses, and obesity when they answer survival probability questions. However, education, household income, (if health variables are controlled for) and being overweight do not play any role in forming respondents' subjective expectations about mortality.
Next we examine if respondents over-or underestimate their median remaining lifetime compared to the actual mortality experience in our sample. For this purpose, we separately predict median remaining life duration implied by the objective and the subjective mortality models by using the coefficient estimates in the Notes: Number of observations is 3739. Cohort effects are controlled for. Low income=10,669, median income=11,055, and high income=11,360 stand for the 25th, 50th and 75th percentiles of logarithm of household income, respectively. *: We have not tested if these differences are statistically different from zero yet.
The first panel in the Table 9 presents a comparison of predictions implied by the subjective and the objective mortality models where only socio-economic variables are controlled for.
According to these results, both men and women in all income categories underestimate their remaining lifetime, on average, compared to the life duration implied by the observed mortality 
Conclusion
Using the subjective survival probabilities available in the Dutch Household Survey, we examine if SSP convey useful information on the individual mortality risk. The main results of this paper are that; firstly, life expectancy of the Dutch measured by their SSP predicts the actual mortality risk within the sample. Secondly, SSP correlate with the determinants of objective mortality. In fact, gender, age, and cohort differences, smoking and drinking habits, self-rated health status, current chronic illnesses, and obesity play an important role in forming respondents' subjective expectations about mortality. Finally, the Dutch underestimate their remaining life duration compared to the actual life duration in the sample, yet males tend to assess their remaining life duration better than females, on average.
The underestimation of the remaining life duration by the respondents may suggest important directions for future research. We can use SSP to measure individual mortality risk in economic models such as life cycle models of saving, consumption and retirement since they convey useful information on individual mortality risk. However, more research is needed on why men and, especially, women underestimate their life expectancies. For instance, it might be that the concept of SSP is not clear to many respondents or that some respondents lack basic knowledge on actuarial life durations. Plug the hazard rate into equations (A1) the subjective probability of survival to age 75 and P80 is the subjective probability of survival to age 80 and so on.
Take natural logarithm of both sides:
Combining two equations above gives:
Rewrite equation (4):
We take the square of equation (A4a) 
Gompertz hazard function is:
Evaluating the integral in equation (A5) and taking the natural logarithm of both sides yield:
In equation (A6) in months-600. 15 We calculate median remaining life duration conditional on baseline age because respondents report their SSP knowing that they survived up to their current age. (Table 8 Table 8 and
Predictions with the Estimates of the Objective Mortality Model
is the baseline age which is equal to 45 or 55. (Table 10) We separately predict median remaining life duration implied by the objective and the subjective mortality models by using the coefficient estimates in the Table 9 as follows: 
Comparison of the Objective and the Subjective Predicted Life Durations
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Appendix C
Estimation Results based on the sample 50+ Notes: Number of observations 1389. Cohort effects are controlled. Low income=10,621, median income=11,031, and high income=11,349 stand for the 25th, 50th and 75th percentiles of logarithm of household income, respectively.
